Introduction
Since the mid-1990s, financial markets have been hit by a number of crises, (Edwards, 2000; Kodres and Pritsker, 2002; Forbes and Rigobon, 2002; Karolyi, 2003; Bekaert et al., 2005; Ozcan and Unsal, 2012) . Due to this spillover, and in the wake of the recent global crisis, a growing interest in measuring systemic risk can be observed in the literature. While Value-at-Risk (VaR) is the most common risk measure used to calculate the risk of an isolated individual institution (Kupiec, 2002; Jorion, 2006) , the nature of previous financial crises led scholars to question the appropriateness of that measure to serve as a proxy for the 'risk that the stability of the financial system as a whole is threatened' and prompted the use of other measures, such as Conditional Value-at-Risk (CoVaR) (Adrian and Brunnermeier, 2011) . In addition, the Basel Committee has established and adapted different regulatory capital requirements in order to address this systemic risk (see the Basel Accords, Basel I, Basel II and Basel III).
Studying the interdependence among financial institutions or systems is not only important from a regulatory point of view (Kashyap et al., 2008; Brunnermeier et al., 2009; Nier, 2009 ) but also for portfolio decisions (Ang and Bekaert, 2002; Aït-Sahalia and Hurd, 2016) , hedging strategies (Balcilar et al., 2016) , patterns of market integration (Bekaert and Harvey, 2003; Bartram et al., 2007) and the degree of contagion or spillover (Bae et al., 2003; Bae and Zhang, 2015; Lehkonen, 2015) . In this context, the objective of this paper is to analyse the effect of risk spillover between the US stock market and the remaining G7 stock markets using data from more than 100 years.
According to the literature, there are different channels through which financial shocks spread across countries and raise the systemic risk of the system (see Roubini, 2003 for a survey), such as trade linkages (Corsetti et al., 1999; Forbes, 2012; Pritsker, 2001 ), competitive devaluations (Corsetti et al., 1999) , 'wake-up calls' (Forbes, 2012; Ahnert and Bertsch, 2015) or the 'common lender' effect (Van Rijckeghem and Weder, 2001; Forbes, 2012; Bekaert et al., 2014) . Through the first two channels, devaluation that occurs in a crisis-stricken country reduces the export competitiveness of the countries with which it competes in third markets, which can also put pressure on the currencies of other countries. Consistent with the 'wake-up calls' theory, a financial crisis in country 1 is a call for investors in country 2 to acquire information about the risk of exposure to a macro shock in that country 2 (see Anhert and Bertsch, 2017 for more on the wake-up theory of contagion). Finally, following Kaminsky and Reinhart (1999) , the common lender effect asserts that a country with the same lender as a country already hit by a crisis is more likely to experience a financial crisis.
From an empirical point of view, the literature has used different definitions for and measurements of contagion. Many papers define contagion as a significant increase in the correlation coefficients between mean stock returns (Forbes and Rigobon, 2002; Bekaert et al., 2005; Boyer et al., 2006; Caporale et al., 2005; Bekaert et al., 2009; Jayasuriya, 2011; Ehrmann et al., 2011; Bekaert et al., 2014) or their volatilities (Bae et al., 2007; Diebold and Yilmaz, 2009; Beirne et al., 2010) in different markets during a crisis. In other words, they focus mainly on the first two moments of the distribution and ignore other moments. Additionally, according to most of these papers, stock markets tend to become closer during crises and periods of high volatility compared to financially stable times. In order to capture such nonlinearities in the data, regime switching models have also been used to test for contagion (Billio et al., 2005; Lopes and Nunes, 2012; Ang and Timmermann, 2011; Guo et al., 2011) . However, again, the focus of these studies is on the first two moments of the distribution, disregarding other aspects, such as tail dependence, which seems to be a good measure of systemic risk (Adrian and Brunnermeier, 2011) . Other papers in the literature have used quantile regression methodologies in order to capture this tail dependence or extreme risk (Longin and Solnik, 2001; Ang and Chen, 2002; Bae et al., 2003; Hong et al, 2007; Polanski and Stoja, 2015; Chuliá et al., 2017) . Chuliá et al. (2017) , for example, used multivariate quantile models to measure the tail dependence between the US and six Latin American countries, showing that this tail dependence is weaker than that between the US and more developed countries. Tail dependence has also been captured by Copula models (Reboredo and Ugolini, 2015; Reboredo et al., 2016) . For example, Reboredo and Ugolini (2015) use copulas to analyse systemic risk in European sovereign debt markets and measure CoVaR. Based on above studies, we will extend Reboredo and Ugolini (2015)'s methodology and use time-varying copula models with Markov switching to estimate CoVaR as a proxy for systemic risk.
The objective of this paper is to analyse the risk spillover effect between the US stock market and the remaining G7 stock markets using time-varying copula models with Markov switching and a data that covers more than 100 years and numerous crises. This study makes at least three contributions to the literature. First, no paper to date has examined the risk spillover effect between the US stock market and the remaining G7 stock markets in a situation with extreme co-movement based on CoVaRs. Further, this study examines asymmetric risk spillover between upside and downside CoVaR and asymmetric risk spillover to and from the US stock market and the remaining G7 stock markets. Second, 100 years' worth of data is employed to investigate the evolution of risk spillover between the US and the remaining G7 stock markets. More information is involved in the data, and the influence of specific periods for landmark events can be identified. Finally, a more flexible time-varying copula model with Markov switching was developed for this long period of data to determine whether the dependence is high or low. Unlike previous studies that employ dynamic copulas (Reboredo and Ugolini, 2015; Reboredo et al., 2016; Mensi et al., 2017) , this study uses a hidden two-state Markov chain of the intercept term when modelling the dynamic copula coefficient process, in line with Silva Filho et al.
(2012). this methodology not only verifies the dynamics of risk spillover but also determines the structural change of dependencies.
The rest of the paper is organized as follows: Section 2 presents the methodology, while Section 3 discusses the data and the results. Section 4 presents the conclusion.
Methodology
In this paper, upside and downside CoVaRs are measured to quantify the risk spillover effects of extreme upward and downward changes in uncertainty from the US to the remaining six G7 stock markets. Time-varying copula models are employed to model the joint distribution and dynamic dependence between variables, similar to Reboredo and Ugolini (2015) and Mensi et al. (2017) . However, unlike previous studies, we allow the dependence parameter to evolve over time and assume a hidden two-state Markov chain of the intercept term, similar to Silva Filho et al. (2012) .
Using this methodology, two distinct regimes (high dependence and low dependence) are defined in the emprical analysis.
where
The sign ⊙ denotes element-by-element multiplication.
denote a smoothed inference about regime based on whole observations, which can be calculated using an algorithm developed by Kim (1994):
where the sign denotes element-by-element division. We calculate the smoothed probabilities | by creating backward iterations of Eq. (8) for 1, 2, ⋯ , 1.
Marginal distribution
Since financial market returns are always characterised by autocorrelation and volatility clustering, we employ an ARMA(m, n)-GARCH(p, q)-t model to construct the conditional marginal distributions:
, , , , , ~ . . . , and (10)
where , , | and , , | .
By distributing the standardised residual, , we can obtain the conditional distribution of returns, , :
. (12) 
Estimation
We employ the inference for margins (IFM) method proposed by Joe and Xu (1996) to estimate the parameter
as follows:
Step 1: Estimate the conditional marginal distribution parameter :
Step 2: Estimate the conditional copula parameter, :
Joe (1997) proves that the IFM estimator
verifies the property of asymptotic normality under regular conditions:
where is a Godambe information matrix.
Risk spillover modelling
In this paper, we employ tail dependence and CoVaR to identify risk spillover across stock markets.
For the copula at time presented in Eq. (4), we employ lower and upper tail dependence to measure extreme co-movement across markets (Joe, 1997; Liu et al., 2017 
We employ CoVaR to measure risk spillover across markets (Reboredo and Ugolini, 2015; Reboredo et al., 2016; Mensi et al., 2017) :
where can be obtained by solving the following two equations:
Empirical results

Data and summary statistics
This study analyses over one hundred years' worth of data regarding the stock markets of G7 countries-the US (USA), Canada (CAN), France (FRA), Germany (GER), Japan (JPN), Italy (ITA) and the United Kingdom (UK)-to measure extreme risk spillover. The sample period ranges from January 1915 to February 2017 1 , and the monthly frequency is 1,111 observations for each series. All data are obtained from the Global Financial Database. We use the differences of the natural logarithm of stock prices to determine the return series. shows that the means of all countries' stock returns are positive, indicating that the stock markets showed a general upward trend over a long period of time. JPN has the largest mean (0.616), and CAN has the smallest (0.427). There is no significant difference in the minimum returns for most countries, but GER has a significantly lower minimum return than the others (-145.996 ). This slump took place in July 1948 due to World War II. USA is more stable than the other countries and has the smallest standard deviation (4.459), while ITA is the most volatile and has the largest standard deviation (7. Interestingly, USA is the most influenced market in the Granger causality network. All G7 countries' stock returns-except those of JPN-can lead to Granger causal stock returns for USA at the 5% significance level. In addition, USA can also lead to
Granger causal returns for UK and CAN at the 5% significance level. FRA is the only country with only outflows of Granger causality, while JPN is the only one with only inflows of Granger causality. 
===========
Model estimation
Before estimating the marginal distribution of stock returns, some necessary diagnoses need to be tested. where an ARMA-GARCH process is applied to stock returns, it is revealed that the null hypothesis (no autocorrelation and conditional heteroscedasticity) cannot be rejected, except in the case of GER. Therefore, it is reasonable to use ARMA-GARCH models to estimate the marginal distribution of G7 stock returns.
GER's stock returns do not show evidence of conditional heteroscedasticity, which indicates that its market risk stays almost constant over time. Therefore, GER is not considered in our further investigation of risk spillover. Table 2 =========== Table 3 presents the estimated coefficients of marginal distribution for each stock return based on the ARMA(m, n)-GARCH(p, q)-t model. The optimal lagged order of the ARMA(m, n)-GARCH(p, q)-t model is determined by the BIC information criterion. Table 3 shows that there are some differences in the estimated models for each series. JPN follows the AR(1)-GARCH(1, 1) process and UK follows the ARMA(1, 1)-GARCH(1, 1) process, while other series follow the MA(1)-GARCH(1, 1) process. All the standardised residuals feature a t distribution. The degree of freedom of the t distribution, measured by υ, is less than 10, indicating that the error terms were not normal. This result is consistent with the evidence presented in Table 1 .
===========
In addition, the GARCH term of in all the estimated models is close to 1, which implies persistent strong volatility. Table 3 =========== We use six time-varying copulas with regime-switching models to calculate the dependence of each pair of stock returns. Table 4 presents the log-likelihood value for the six selected time-varying copulas with regime switching models, including
MSTVN, MSTVt, MSTVC, MSTVRC, MSTVG and MSTVRG copulas. The results
show that MSTVt is optimal for CAN-USA, JPN-USA and UK-USA analyses.
MSTVN is optimal for ITA-USA analyses, while MSTCRG is optimal for FRA-USA analyses. The dependence of the whole sample for each pair of stock returns is calculated and shown in Table 4 . The static dependence of CAN-USA is highest, and there is no significant difference between the other four pairs, consistent with the correlation results presented in Table 1 . Table 4 =========== Table 5 presents the estimated coefficients with the optimal Markov-switching time-varying copula models for each pair, as determined by verifies the change between high and low dependence, with denoting high dependence and denoting low dependence. In this study, high dependence refers to excess co-movement over a normal degree between assets in two countries usually induced by an external shock, such as a financial crisis. Low dependence means that co-movement between assets in two countries remains at a normal level in a tranquil market environment. Table 5 ===========
===========
Smoothed probabilities and tail dependences
The two dependence regimes defined above can also be verified by smoothed probabilities and tail dependences. 
Spillover from the US to the remaining G7 stock returns
The findings presented above have verified the dynamic dependences between the US and the remaining G7 stock returns and have identified the dependence regimes in different periods. Furthermore, to investigate the spillover from the US to the rest of the G7 stock returns, the upside and downside VaRs and CoVaRs for G7 stock returns are estimated based on our optimal regime-switching time-varying copulas. In this section, CoVaR is measured as the VaR for G7 stock returns at a 95% confidence level ( 0.05) conditional on the VaR for the US stock return at the 95% confidence level ( 0.05). CoVaR is used to measure the impact of extreme risk in the US stock market on the risk level in the remaining G7 stock markets, which is a good indicator of risk spillover. Table 6 , the absolute mean VaR for the US is smallest regardless of whether the VaR was upside or downside, indicating that the US is safer than the other G7 countries in the financial market. However, there are not significant differences among the standard deviations of the VaRs of the G7 countries. The upside and downside CoVaRs for the G7 countries are also calculated and shown in Panels B-F of The mean CoVaR for Italy is highest of all the G7 countries, consistent with the ranking of its VaR. Table 6 =========== First, the risk spillover effects are tested by comparing the cumulative distribution for CoVaR and the corresponding VaR of the G7 stock markets using a bootstrap Kolmogorov-Smirnov (KS) test, in line with Reboredo et al (2016) . Table 7 presents the results of upside, downside and asymmetric risk spillover. Our results first indicate that the upside CoVaR is significantly larger than its corresponding VaR, while the downside CoVaR is significantly smaller than its corresponding VaR for five G7
===========
countries. This is consistent with our expectation that there is significant risk spillover from the US to the remaining G7 stock markets, verifying the existence of some potential systemic risk in the global financial market. Second, we test whether upside and downside risk spillover are different for the G7 countries. The upside and downside values of CoVaR normalised by its corresponding VaR are compared. The results in the last column of Table 7 indicate that the magnitude of downside risk spillover is significantly larger than that of upside risk spillover for all the G7
countries. This finding clearly proves an asymmetric effect between upside and downside risk spillover. Table 7 =========== Finally, Figure 4 presents the dynamics of upside and downside VaRs and
CoVaRs for the G7 stock markets. The shape of the CoVaRs in each country is comparatively different, which means that the impact of extreme risk in the US market on extreme risk in the G7 markets is unique for each individual country.
Specifically, the gap between CoVaR and VaR in CAN is relatively larger than that in other countries. In particular, the gap between downside CoVaR and VaR is intuitively larger than the upside CoVaR and VaR, as verified by the asymmetric tests shown in Table 7 . Moreover, there are some obviously unequal spikes in the dynamic CoVaRs for each stock market pair, which were induced by specific economic events. 
Asymmetric risk spillover to and from the US stock market
In this section, we estimate the CoVaR for the US stock market conditional on the VaR for G7 stock returns at a 95% confidence level. Table 8 presents the results of asymmetric tests performed to determine risk spillover to and from the US stock market. This analysis allows us to determine which country can exert a greater influence on other countries from a risk perspective. Surprisingly, there are significant asymmetric effects, and the magnitude of risk spillover from other G7 stock markets to the US stock market is larger than that from the US stock market to the remaining G7 stock markets. One possible reason is that the VaRs of the G7 stock markets are larger than the VaR of the US stock market, as presented in Table 6 . =========== Table 8 ===========
Conclusions
This paper analyses the risk spillover effect between the US stock market and the remaining G7 stock markets using time-varying copula models with Markov switching and data that covers more than 100 years and numerous crises. The CoVaRs of each stock market are measured to investigate risk spillover with upside, downside and asymmetric effects between the US and the remaining six G7 countries.
Our models reveal the dynamic dependence structure of the stock markets with two different regimes. Generally speaking, the dependences between the US and the remaining G7 stock markets are positive. The whole sample dependence of Canada and USA is the highest of the five pairs. Two distinct dependence regimes, named high dependence and low dependence, are verified by different dependence parameters across regimes. The estimated smoothing probabilities imply that the dependence structure between the US and the remaining G7 stock markets changes over time. The status of a dependence regime is persistent and highly correlated with changes in tail dependence. Moreover, the probability that dependence relations between the US and G7 stock markets will enter a high dependence regime has increased in the 21st century, especially during the 2008 financial crisis. 
